Highly skilled professionals are regarded as one of the main driver for the economic development of cities through their effect on innovative capabilities. Skilled individuals are mobile in space and tend to cluster within a limited number of urban areas, therefore a crucial question is what factors shape this flows and influence the divergent levels of economic development across urban areas. Building on these considerations, this paper takes advantage of a large-scale dataset to shed light on the patterns and determinants of inventors' mobility across European urban areas. First, a descriptive analysis is carried out to document the dynamics of inventors' mobility and their spatial dimension. Second, a gravity model is used to analyse how job opportunities and socio-professional networks influence the flows of inventors between urban areas. From a methodological perspective, this paper uses a spatial filtering variant of the Poisson gravity model, which accommodate the nature of the data, while controlling for multilateral resistance and spatial autocorrelation in mobility flows. The descriptive analysis suggest that inventors' mobility occurs primarily between relatively large and collocated urban areas, partly because of the high level of circular and intra-firm mobility. The econometric analysis shows that employment opportunities, social networks, as well as various forms of proximity are important determinants of inventors' mobility. Abstract Highly skilled professionals are regarded as one of the main driver for the economic development of cities through their effect on innovative capabilities. Skilled individuals are mobile in space and tend to cluster within a limited number of urban areas, therefore a crucial question is what factors shape this flows and influence the divergent levels of economic development across urban areas. Building on these considerations, this paper takes advantage of a large-scale dataset to shed light on the patterns and determinants of inventors' mobility across European urban areas. First, a descriptive analysis is carried out to document the dynamics of inventors' mobility and their spatial dimension. Second, a gravity model is used to analyse how job opportunities and socio-professional networks influence the flows of inventors between urban areas. From a methodological perspective, this paper uses a spatial filtering variant of the Poisson gravity model, which accommodate the nature of the data, while controlling for multilateral resistance and spatial autocorrelation in mobility flows. The descriptive analysis suggest that inventors' mobility occurs primarily between relatively large and collocated urban areas, partly because of the high level of circular and intra-firm mobility. The econometric analysis shows that employment opportunities, social networks, as well as various forms of proximity are important determinants of inventors' mobility.
Introduction
It is in large cities where vast majority of substantial innovations emerge. In an influential contribution, Jaffe et al. (1993) showed that during the 1980s, 92% of all USPTO patents were granted to inventors residing in metropolitan areas, while only three quarters of the population resided in these areas. These results are consistent with Audretsch and Feldman (1999) who report that in 1982 in the United States, less than 4% of the product innovations took place outside of metropolitan areas and that half of the new innovations occurred in just four metropolitan areas. Jacobs (1969) long ago pointed to the importance of cities as a source of innovative change. She argues that the diversity of people, firms and cultures in large urban areas constitute a fertile ground for novel ideas and innovations. As cities may provide the meeting point for people from different backgrounds, culturally diverse cities may help innovation. The connection with economic theory is provided by Lucas (1988) who introduced skills and knowledge in a neoclassical growth model. In his setting, productivity gains are associated with the clustering of skilled people within urban areas. Although Lucas' model did not give any indication about the actual mechanisms by which such externalities occurred in the real world, Lucas recognized that "the scope of such effects must have to do with the ways various groups of people interact" (1988, p.37) . From an empirical perspective, Glaeser (1999) argues that knowledge flows faster in cities because the higher concentration of individuals provides numerous opportunities for interactions and the cost of communication is lower. As a consequence, larger and more skilled urban areas are found to be more productive (Glaeser et al., 2004) , more innovative and tend to growth faster (Carlino et al., 2007; Bettencourt et al., 2007) .
In this regard, Glaeser and Resseger (2010) highlight strong complementaries between knowledge and agglomeration, so that knowledge externalities amplify the benefits of agglomeration while agglomeration facilitates the accumulation of knowledge.
Such circular-causation mechanisms are at the root of new economic geography and growth models, which explain the distribution of innovative activity through the interplay of diverse agglomeration and dispersion forces. Specifically, these models combine Krugman (1991) 's core-periphery model and endogenous growth models along the lines of Romer (1990) and Grossman and Helpman (1991) , while allowing for labour mobility (Black and Henderson, 1999; Baldwin and Forslid, 2000) .
These models highlight the importance of knowledge externalities and their spatial dimension in determining both the productivity and the location of innovative activity. Depending on the range of knowledge externalities, a core-periphery pattern can emerge as firms and skilled workers cluster within urban areas. As such cities become more attractive, further concentration of firms and factors occurs, pushing these cities' capacity to innovate and grow at the expense of peripheral areas. One could also observe a counteracting effect whereby firms in the periphery also benefit from innovations in the core (Fujita and Thisse, 2002) . A shortcoming to these models is that they do not account for the actual mechanisms through which knowledge diffuses in space. The empirical geography of innovation literature have established that the mobility of skilled individuals both in space and across organizations constitutes an important mechanism of embodied knowledge transfer. Central to this reasoning is the idea that skilled workers on the move can transfer embodied knowledge from their initial workplace to the new one (Almeida and Kogut, 1999) , and conversely channel back the knowledge they acquired thanks to the link they have kept with their previous environment (Agrawal et al., 2006) . Besides, firms hiring skilled workers are not only more likely to innovate, they are also able to build an absorptive capacity in order to capture and use productively external knowledge (Massard and Mehier, 2009 ). To the extent that knowledge diffuses according to the mobility patterns of skilled individuals, this should lead to an increased relevance of mobility choices on the spatial distribution of innovative activity.
While there is large consensus on the importance of talented individuals on the distribution of innovation, far less attention has been devoted to the factors driving their location decisions. In fact, skilled workers is a mobile factor that relocate in space. There is considerable theory and evidence showing that people endowed with human capital are more likely to relocate from one place to another, since they are both more adaptable to different jobs and better able to take advantage of the opportunities offered by a different location. Understanding their mobility choices is an important issue given their disproportionate contribution to innovative performance, their increasing level of mobility and their tendency to cluster within a restricted number of urban areas. This paper focuses on inventors, which represent a specific category of skilled workers. Arguably, inventors constitute a highly representative sample, since they are directly involved in the production of new knowledge and therefore, have a large impact on the diffusion of knowledge across cities. Existing evidence on the determinants of inventors' mobility in Europe adopt a fairly microeconomic perspective of focus on a restricted category of inventors. Lenzi (2009) explores the mobility patterns for a group of Italian inventors in the pharmaceutical sector using survey and patent data. Crespi et al. (2007) analyses the mobility of inventors from academia to private firms for six European countries. Finally, Miguelez and Moreno (2014) adopt a more macroeconomic approach to investigate what drives inventors' mobility across regions. This paper contributes to the empirical literature in at least three ways. First, this paper takes advantage of a large-scale dataset to shed light on the patterns of inventors' mobility across European urban areas, and their spatial dimension. To my knowledge, such a categorisation of mobility does not exist at the for Europe, especially at the urban level, which represent a highly relevant spatial scale of analysis.
Building on these results, a gravity model is used to analyse more formally how job opportunities, and socio-professional networks influence the flows of inventors between urban areas. This focus is motivated by the role of employment opportunities in workers' location choices in the theoretical literature introduced above. Besides, while both skilled mobility and professional networks have been shown to influence the geography on innovation, they have often been investigated separately. However, such a distinction would be welcome since mobility may influence the structure of networks by creating new or bridging existing networks (Miguelez, 2013) . Conversely, network relationships are likely to drive mobility decisions, because a worker embedded in a social network is more likely to be informed of vacancies and to know more about the job and the receiving organisation. Third, spatial autocorrelation in mobility flows is taken into account using spatial econometrics techniques. Accounting for the dependence structure in mobility flows is an important issue (Bertoli and Moraga, 2013) and spatial filtering provides a natural tool to deal with such interdependencies (Patuelli et al., 2015) .
Despite the commonly held belief that skilled workers are highly mobile in space, the analysis suggests that mobility remains a rare event. Among multi-patenting inventors, only 9.67% moved from one city to another between 1975 and 2008. Mobility is also limited in space; inventors who move travel between relatively large and co-located urban areas, and 90% of these moves occur within the same country. These results can be partly explained by the high level of circular and intra-firm mobility. Finally, the analysis highlight significant heterogeneity among countries, with about 80% of all moves taking place either in Germany, France or the UK. Likewise, the propensity to move vary importantly across technological sectors. Turning to the determinants of inventors' mobility, four results are worth noting. First, inventors are drawn toward cities offering numerous employment opportunities along with attractive working conditions. This finding is in line with the scarce existing evidence, provided by Miguelez and Moreno (2014) at the level of European regions, yet the explicit modelling of spatial autocorrelation and the analysis at the urban scale provide additional robustness to this finding. Second, the decision to move is mediated by network ties, which reduce information asymmetries between inventors and their potential employers, and therefore improve matching (Jackson, 2011) . Besides, the definition of networks should not be restricted to direct collaborations. In particular, the centrality of cities, which represent a less restricted view of social networks, also plays a role. Third, contrary to expectations, geographical distance has a limited role in deterring mobility. This may be due to the availability of fast transportation across cities and because it acts as a proxy for other, more meaningful forms of distance. In particular, mobility occurs primarily between cities sharing the same technological specialisation, partly because of the availability of specialised jobs, partly because collaboration networks tend to develop within the same epistemic community. More importantly, cultural and institutional distance translate into greater adaptation costs. Fourth, from a methodological perspective, spatial autocorrelation in mobility flows is a serious issue and should be explicitly controlled for when estimating the gravity model in order to obtain unbiased parameter estimates.
These results have implications for the geography of innovation. While both mobility and networks have been shown to influence the diffusion of knowledge, they have often been investigated separately, and it would be interesting to study the interrelation between these two channels, as they appear to be closely related. Another implication concerns the ongoing construction of the European Research Area, a coordinated research system, which aims to facilitate the diffusion of local and external knowledge, in particular through the mobility of skilled individuals. The results suggest that the diffusion of knowledge may be limited for several reasons. Movers, represent only a fraction of the inventors; and those who move travel relatively short distances, generally within the same country. This result is magnified by the fact that a large portion of mobility occur within firms, and cannot be associated with a transfer of knowledge. Besides, the fact that mobility occurs primarily between technologically related cities may cause the transferred knowledge to be redundant, and have a limited economic impact. Finally, the results highlight significant heterogeneity across cities, and countries. A more promising finding is that mobility may be encouraged, in particular through the development of research collaborations involving distant research communities.
The remainder of this paper is structured as follows. Section 2 briefly reviews the related literature.
Section 3 describes the data, with a focus on the definition of urban areas and the measurement of mobility. Section 4 provides descriptive figures to document the patterns of inventors' mobility across European urban areas, and their spatial dimension. Turning to the determinants of inventors' mobility, section 5 describes the model and discuss the estimation results. Section 6 concludes.
Background
Economists traditionally consider that mobility is a rational process in which workers compare expected utility at origin and destination to decide whether they should move. If workers expect to be better off living in another city despite the cost of moving, they will decide to move. Utility for a given city may depend on employment opportunities and the provision of amenities, and the cost of moving is expected to rise with distance, which acts as a proxy for pecuniary and nonpecuniary costs of moving. In this sense, mobility can be seen as a response to the spatial disparity in the provision of employment opportunities and amenities. Looking at employment opportunities in particular, workers would depart from cities where employment and wages are low toward cities where labour market conditions are the most attractive. This is particularly important for skilled workers as they tend to be more mobile and are more likely to benefit from better career opportunities. The concentration of skilled workers within the city may create a market pooling effect so that innovative firms may be drawn toward this location, thereby expanding employment opportunities and attracting additional skilled workers in a circular-causation mechanism. In the same spirit, skilled cities are more likely to host more entrepreneurs, which may employ the skilled population (Berry and Glaeser, 2005) . However, purely economic factors cannot explain entirely mobility decisions, especially for the highly skilled. An alternative approach views mobility as a response to disparities in location-specific amenities such as climate and temperature (Graves, 1980) . Building on this intuition, other economists have considered other human-produced amenities including public services and social, cultural and skill-dependent amenities which appear to be particularly important in an urban context (Florida, 2002; Shapiro, 2006) . These two views are not incompatible in the sense that potential movers compare utility differentials across different alternative locations, and these utilities are a function of both economic and non-economic factors.
The above reasoning overlooks the fact that information about destination may not be easily available. Knowing about labour market conditions, or looking for a job in potential destinations may involve significant search and information costs. Social networks, spanned by friends and colleagues are important informal channels through which information are transmitted. The theoretical literature on social networks surveyed in Jackson (2011) has identified two main channels through which networks relationships can affect labour market outcomes. If a worker is embedded in a dense network, he is more likely to be informed of vacancies and to know more about the job and the receiving organisation. Such networks are particularly important for cross-country mobility, since workers may lack country specific skills such as language or knowledge of institutions. From the firms' perspective, professional networks may be used to improve screening and signalling of unobserved workers' ability, allowing them to select the most able workers. In sum, recruiting through professional networks may reduce information asymmetries and improve matching. Nakajima et al. (2010) provide empirical evidence on the importance of networks for matching inventors to firms. Using US patent data from 1975 to 1997, they show that networked inventors are more productive and have longer tenure than non-networked inventors. While we cannot observe in this paper whether inventors do use their networks when looking for a job, we can expect higher levels of mobility between cities whose inventors have collaborated frequently in the past. Krabel and Flother (2014) study the mobility of skilled German graduates entering the labour market.
They find that professional network ties directly impact job search success and labour mobility.
Interestingly, they find that graduates are less likely to move when living in a metropolitan area where the share of highly qualified employees is relatively high. Miguelez and Moreno (2014) study the mobility of inventors across European regions. Using EPO data from 1975 to 2005, they find that job opportunities and to a lesser extent, amenities are important determinants of inventors' mobility. Besides, they show that physical distance is a significant predictor of inventors' mobility patterns. Finally, other meaningful forms of distances such as social ties, institutional framework and cultural similarities are shown to play a role.
Looking at geographical distance in particular, Breschi and Lenzi (2010) document the mobility patterns of US inventors. Using EPO data from 1978 to 2004, they investigate mobility in space and across firms at both the metropolitan and micropolitan level. Their result highlight the existence of two distinctive spatial patterns, whereby inventors move both at short and long distances.
Some evidence is also available for other categories of skilled workers. In an urban context, Scott (2010) investigate what drives inflows of migrant US engineers into different MSAs for 13 different technological categories, he finds that local employment opportunities have a major impact on the destination choices of these skilled individuals, far above amenities or even wages. Dorfman et al. (2011) find that natural amenities are not a major factor of high-tech workers' location decisions and metropolitan areas of the United States. Nifo and Vecchione (2014) study the importance of institutions on the mobility decisions. Using a sample of 47300 Italian graduates, they find that institutional quality is a major determinant of inventors' mobility. McCann (2006, 2009 ) study the migration of UK graduates entering into first employment. The analysis suggests that more educated individuals are more likely to move. Besides, migration flows are mainly directed by differences in nominal wages so that, regions offering a higher nominal wage are net absorber of human capital flows and regions with lower nominal wages net losers of human capital.
More interestingly, a centre-periphery pattern seems to emerge which reflects the rank order of the region within the national urban hierarchy.
Additional evidence on the determinants of inventors' mobility adopt a more microeconomic approach. Crespi et al. (2007) investigate the factors that drive the mobility of inventors from academia to the private sector using a sample of academic inventors who were granted a EPO patent between 1993 and 1997. They report that individual life cycle is important for all kinds of mobility. Besides, mobility patterns are found to differ greatly across technological sectors and countries. Which suggest the importance of academic labour market regulations and institutions. Hoisl (2007) studies the interrelation between inventors' productivity and inventors' mobility using a random sample of 2697 inventors who were granted EP patents between 1993 and 1997 while residing in Germany. Findings indicate a simultaneous relationship. Movers are on average more productive than non-moving inventors, but more productive inventors are also less likely to move.
In a similar setting, Lenzi (2009) studies the microeconomic determinants of the mobility patterns of 106 Italian inventors in the pharmaceutical sector. The analysis points out that inventor's personal characteristics, inventive productivity, and geographical location matter for mobility choices.
The results also show a positive association between productivity and mobility.
The descriptive part of this study is closest to Breschi and Lenzi (2010) who document the mobility patterns of inventors across US Core Based Statistical Areas (CBSA) between 1978 to 2004. To my knowledge, no comparable evidence is available for Europe, especially at the level of cities. This would be interesting because mobility patterns in Europe are expected to be quite different from the United States for several reasons. First, it is well-known the Europe exhibit lower levels of mobility than the United States, both regarding the degree and the spatial extent of mobility. However, differences do not only include mobility patterns. Most empirical evidence from Europe suggests that mobility is driven mainly by labour market variables rather than amenities (Miguelez and Moreno, 2014) . Finally, there is very little evidence on the importance of network ties in driving the mobility decisions of European inventors, though some evidence is available for the United States (Nakajima et al., 2010) .
Data and variables

Measuring urban areas
Larger Urban Zones (LUZ) were created by the Urban Audit project to provide a harmonized definition of metropolitan areas throughout the EU as well as several other countries. In the 2012 version, which uses 2006 as a reference year, LUZ are defined on the basis of population size, population density and commuting patterns, so that each one represents a self-containing labour market (Djikstra and Poelman, 2012) . This edition covers 695 cities in 31 countries 1 .
Figure 1: Larger Urban Zones as of 2006
Specifically, each LUZ is composed of a densely populated city core and a commuting zone around it. The urban core is composed of high-density contiguous population grid cells (> 1500 inh/km 2 ) whose total population is greater than 50000. The core is then adjusted to LAU2 delineations 2 and include those LAU2 with at least 50% of their population inside the urban core. The commuting zone includes LAU2 where more than 15% of their employed resident population work within the urban core. To ensure homogeneity, LAU2 surrounded by a single LUZ are included and non-contiguous LAU2 are dropped.
Measuring mobility
Mobility is computed from the Invpat database (Lai et al., 2013) . The database contains all inventor-patent instances at the USPTO from 1975 to 2010 and includes information about inventors, patents and assignees 3 . Mobility is computed by recording changes in inventors' personal addresses. Consider an inventor who fills a patent at time t while residing in city i; in t + 2, this same individual fills another patent while residing in city j. Therefore, we can say that between t and t + 2, this individual has moved from i to city j. This measure of mobility is fairly straightforward but presents three obvious drawbacks. First, the use of patent data restricts the analysis to those inventors with at least two patents, when single-patenting inventors represent about 56% of the sample. Second, a move is recorded only if those inventors applied for a patent before and after the move, so it represents a lower-bound measure of mobility. Third, patents record inventors' location at a point in time, therefore it is not possible to determine precisely when the move took place. I consider that mobility occurs exactly between the application dates of the patents at origin and destination, if there is no more than a four-year lag between the two. Addresses are then geolocated at the level of LUZ. Mobility computed this way identifies inventors who filled at least two patents while residing in different LUZ.
Another issue is that in practice, it is difficult to determine whether two inventors are the same person, since the USPTO does not require unique identifiers for inventors. Therefore, disambiguation is necessary to determine whether two patents belong to the same inventor career by comparing all pairs of inventor-patent instances. In particular, two issues arise from this exercise. The first is misspelling of the same inventor name on different occasions while the second occur when two inventors with exactly the same name are not actually the same person. To overcome this difficulty, Lai et al. (2013) disambiguation algorithm uses most information in patent documentation to identify likely matches 4 . The routine computes a cumulative similarity score for each pair of inventor-patent instances, the greater the similarity score, the greater the probability that the two patents belong to the same inventor career. The threshold value of the score has been set to a relatively high value to ensure a rather conservative approach. 
Explanatory variables
Gravity variables
The gravity variables include economic size and distance. In migrations studies, a common practice is to use population rather than economic variables such as GDP. In this paper, the number of inventors at origin and destination is used to measure the number of potential movers. Intuitively, a higher level of mobility is expected between cities with a large stock of inventors. Distance is measured in several ways including geodesic and driving distance (Luxen and Vetter, 2011) between LUZ geographical centres. Distance between origin and destination is expected to reduce inventor flows for at least three reasons. First, the direct cost of moving is higher, these cost may include transportation and other pecuniary costs involved in the relocation. Second, distance increases search costs and reduces the quality of information about the destination, such as job opportunities or income differentials. Finally, movers may also face significant non-pecuniary costs.
If he has spent a substantial amount of time in the city of origin, moving to a distant city means being separated from family and colleagues (Dahl and Sorenson, 2010) .
Variables of interest
Employment opportunities are measured using the total human resources in science and technology.
This variable measures the number of workers that either successfully completed tertiary-level education or are employed in a science and technology occupation. It is a general proxy for human capital, the presence of universities, research centres and technology-oriented firms. In addition, total R&D spending captures the investment in knowledge creation from the public and the private sector, and is a proxy for the research effort. The expected impact of these variables is unclear at least for the city of origin. On the one hand, cities with a large labour market for inventors host more potential movers, which increases the probability of a move. On the other hand, working in a city where many firms, universities, research centres are located makes it easier to move within the area, and to the extent that intra-city mobility is a substitute to inter-city mobility, this decreases the probability of a move. BC of a city, which is defined as the number of bridging paths stemming from a city between all dyads of the network, can be defined as
n i is the number of inventors active in region i. g ij and g ik are the network links between city i and city j or k, respectively. In an aggregate context, equation (1) collapses to 5
ii is the number of outer collaborations, and reflects the participation intensity of the city. si =ḡ i /gi is the share of outer collaborations, which measures the relative outward orientation of the city. hi = k =i,j ( gij /ḡi) 2 is the Herfindahl-Hischman index of the distribution of i's outer collaborations. It varies between zero and one depending on the degree of diversification of network links to other cities. The resulting centrality index is normalized to one, so that the most central city has an index value equal to unity. As for the previous network measure, inventors flows are expected to be positively associated to the BC index.
Control variables
Technological proximity. Inventors may be specialized in a very specific field, and do not have many alternative destination to choose from. In an aggregate context, a technological distance index is computed by grouping the patents into technological sectors and comparing their relative distribution across cities. Using the classification provided by the NBER patent data project, patents are grouped into 6 broad technology classes and 40 subclasses. Patents associated with more than one technological class count once in each category. Following Jaffe (1986) , technological proximity is computed as the uncentered correlation between i and j's vectors of technological class, so that
f ih and f jh denote the share of city i and j's patents of technological class h, respectively. The resulting index t ij varies between zero and one depending on the level of technological proximity.
The technological proximity index is computed using 34 technological subclasses 6 . An index value close to unity indicates that two cities are technologically similar, while a value close to zero indicate that they are technologically distant. Inventors flows are expected to be larger between cities that have a similar technological specialisation.
Institutional and cultural proximity. Even though workers are in principle free to move, they are in practice confronted with a series of obstacles hampering their movement. Differences in culture, language, institutions may translate into greater adaptation costs. Inventors' mobility may be hampered by institutional and legal barriers, which may vary significantly across countries. In the same manner, inventors are more likely to relocate in a city sharing the same cultural background and language, in order to minimize mobility costs. Institutional and cultural proximity are captured using a dummy variable that takes the value one if the two cities are located in the same country and zero otherwise. Intuitively, inventors flows are expected to be smaller between cities belonging to different countries. (100) Circular mobility is identified when the city of origin for the move m is the same as the city of destination for the move m + 1. Each pair of moves is compared in sequence for the 6316 inventors who moved at least twice during their career, for a total of 15267 moves. This is a rather restrictive approach of circular mobility since each move is compared only with the next, so this is probably a lower-bound measure. Nonetheless, this form of mobility represents about three-quarters (74.08%) of these inventors' mobility.
Building on these considerations, one may wonder whether circular mobility occurs because inventors move primarily between different establishments of the same firm (Breschi and Lenzi, 2010) .
For instance, if the inventors works for a multinational firm, changing location does not imply working for another firm, but simply moving from one facility to another. In this sense, intrafirm mobility is defined as a move between two establishment of the same firm located in two distinct cities. Establishing whether two assignee are in fact the same firm is difficult, since the assignees' names alone cannot be used to identify the firm that holds the patent. Problems arise from misspellings, from different forms of the same company's name and from subsidiaries having completely different names from the parent. Lai et al. (2013) performed a disambiguation of firms names using the NBER file of patent assignee to identify the same firms listed as assignee on distinct patents. The following figures should be interpreted with caution as information about the assignee at both origin and destination is available in only 66.85% of the cases. In this sub-sample, intra-firm mobility represents 69.64% (14259) of the moves so that inter-firm mobility is limited.
Linking this to circular mobility, among inventors the 4449 inventors who moved at least twice, and for which assignee information is available, about half (49.23%) of circular mobility occurs within the same firm, suggesting that the two phenomena are closely related. Speculatively, this could point to the importance of collaboration networks in the mobility decisions of inventors. A more formal analysis is carried out in the next section. Turning to the spatial dimension of mobility, short distances. This goes against the argument that high-skilled individuals are less affected by physical distance in their location decisions, as they are positively selected and in consequence they are more likely to move and to move further away.
Figure 2: Inward, outward (left) and net (right) mobility of inventors at the LUZ level
Left: Inward mobility is in blue while outward mobility is in red. The size of the largest bubble corresponds to 2495 moves (inward + outward). Right: Positive net mobility is in green while negative net mobility is in red. The size of the largest bubble corresponds to a 126 moves difference between inward and outward mobility.
Looking at a finer spatial scale, figure 2 depicts the distribution of inventors' mobility across LUZ. The left panel confirms earlier findings that mobility occurs primarily between a selected number of large urban areas, such as those located in the Rhur, southern UK, or Paris and Milan.
Interestingly, the distribution of inward and outward mobility is remarkably similar, as confirmed by the right panel. This result may be explained by the large amount of short-range circular mobility. This suggest that we should not think of mobility between cities in terms of attraction and repulsion, at least in our case, more dynamic areas are associated with a larger turnover, with large inward and outward mobility, than less dynamic areas. In a more dynamic setting, to two related but distinct technological fields. In this case, the inventor's patents would list multiple technological classes, some of which belong to different sectors. Second, a patent often has more than one designated inventor, and the relative contribution of each inventor to the patent is unknown. This may be problematic when a patent is filled by an interdisciplinary team where inventors are specialised in distinct sectors. For each inventor, classes of the patents he has filled during his career are grouped one of the six technological sectors defined previously. A patent listing more than one class give rises to as many class occurrences. The first specialisation is defined as the sector which appear most often in an inventor career and represent at least 40% of the listed patent classes. Following the same selection rule, a second specialisation may be defined for those inventors who engage in cross-sector activities. Using this criterion, less than a third (27.81%) of mobile inventors are specialised in two sectors, the majority of them being specialized first in the chemical sector, and having the drugs & medical sector as a second specialisation. Table  7 shows the number of inventors and the distribution of moves per technological sector using the first specialisation of inventors. Note that the propensity to patent may be greater in some sectors. The greater the number of patents, the greater the probability to observe a move across LUZ. Therefore, observed mobility in those sectors may be inflated in comparison to others sectors with a lower propensity to patent.
Determinants of inventors' mobility
The model
The model is based on the well-known utility maximizing framework. Assuming that inventors are rational and freely mobile, their decision to move from one city to another is based on a comparison between the expected utilities at origin and destination. In this setting, the individual utility is a function of location-specific variables, and the cost of moving is a function of distance between origin and destination. Formally, the utility of individual k associated with city i can be written
The model states that the individual utility from living in i, depends on a component common to all individuals u(X i ), and a stochastic term k i , which represent factors specific to inventor k. These factors include anything that leads k to value X i differently than a randomly selected individual.
By definition, E( i ) = 0, since any systematic component is included in u. It follows that an individual decides to move if the expected utility differential is greater than the cost of moving.
When this condition is satisfied, the mobility variable takes the value one and zero otherwise. By aggregating individual movements by cities using a gravity model specification, we can write
Y ij is a n 2 × 1 vector of flows between i and j. X i and X j are n 2 × p matrices representing the p characteristics at origin and destination, respectively. Similarly, X ij is a matrix representing the origin-destination characteristics. β 0 is a vector of ones and β 1 , β 2 , β 3 are scalar parameters to be estimated. Finally, ij is a vector of disturbances with E[ ij |X i , X j , X ij ] = 1 assumed to be statistically independent from the explanatory variables. This leads to
The dependent variable takes non-negative integer values, many of which are zero, which invalidates the normality assumption, especially when the range of values taken by the dependent variable is limited. Santos Silva and Tenreyro (2006) propose to overcome this issue using a Poisson specification of the gravity model along with the Poisson Pseudo Maximum Likelihood (PPML) estimator proposed by Gourieroux et al. (1984) . The PPML estimator is like the Poisson maximum likelihood estimator except that the data generating process used does not need to be the Poisson. This estimator has been shown to be robust to different patterns of heteroskedasticity and conveniently deals with the zero values, as the model can be estimated in its multiplicative form. The PPML estimator has the appealing feature coefficients estimates can be interpreted in terms of elasticities if the dependent variable is in level and the covariates are in logarithms. A profitable approach is to model the expected value as an exponential function. Because the exponential is always positive, it ensures that predicted values for Y will also be positive. Assuming that observed mobility flows follow a Poisson distribution with µ ij as the expected flows, and are independent of other mobility flows, the observed flows have the probability distribution
The parameters and expected flows of a Poisson regression model can be estimated with maximum likelihood techniques. Following Krisztin and Fischer (2015) , equation (7) can be rewritten as
Maximum likelihood estimation of the Poisson regression model assumes that all observations are mutually independent. In a gravity setting, this implies that mobility flows between any pair of cities is independent from flows between any other pair of cities. Such an assumption is not likely to hold for several reasons. First, movers face a discreet choice in choosing between alternative destinations (Beenstock and Felsenstein, 2013) . If a mover living in city i can choose either cities j or k as alternative destinations, it follows that flows from i to j are not independent from flows from i to k. Second, mobility flows between a pair of cities does not only depend on their respective attractiveness, rather, it is influenced by pull and push factors across all possible origins and destinations, the multilateral resistance to migration (Bertoli and Moraga, 2013; Behrens et al., 2012) . As a result, model residuals may exhibit spatial autocorrelation, which directly violates the independence assumption, and produce consistent but biased parameter estimates (Krisztin and Fischer, 2015) . The problem of alternative destinations is analogous to one that arises in the gravity model of international trade. In their influential contribution, Anderson and van Wincoop (2003) argued that accounting for the interaction structure is important when estimating the gravity equation. A variety of approaches have been taken to control for multilateral resistance, from the inclusion of ad-hoc remoteness index to the introduction of origin and destination-specific indicator variables. This latter solution is not satisfactory for at least two reasons. First, Behrens et al. (2012) and Koch and LeSage (2015) argue that the inclusion of origin and destination fixed effects captures heterogeneity rather than spatial dependence. Second, city-specific determinants of mobility cannot be estimated. Recently, Patuelli et al. (2015) show that the inclusion of originspecific and destination-specific spatial filters effectively control for omitted multilateral resistance terms while filtering out autocorrelation in mobility flows. The rationale is that many mobility cost variables such as distance, culture or institution are spatially correlated, so that spatially proximate cities tend to have similar resistance terms.
In this framework, we distinguish two forms of spatial dependence in a gravity framework 8 . Originbased dependence assumes that flows from an origin to a destination are correlated with other flows from neighbours to origin to the same destination. Conversely, destination-based dependence assumes that flows from an origin to a destination are correlated with other flows from the same origin to neighbours to destination. Connectivity is introduced in the model using a W matrix.
One issue is that W cannot be estimated and needs to be specified in advance, using some relevant criterion. The specification of W is always subject to arbitrariness and it has become common practice to investigate whether results are robust to the specification of W . However, LeSage and
Pace (2014) argue that estimates should not be overly sensitive to changes in the weight matrix in a well-specified spatial model. The preferred specification of W is based on cut-off driving distance.
Specifically, two cities are considered as neighbours when their respective geographical centres are located within 150km of each other 9 . Formally,
The resulting W matrix is a n×n sparse and symmetric matrix with zeros on the diagonal and and ones on the off-diagonals when observation i depends on observation j. The W matrix is then used for spatial autocorrelation diagnostics and to compute the spatial filters. Traditional diagnostics may not be appropriate for Poisson residuals (Chun, 2008) . Instead, I follow Lin and Zhang (2007) and use a Moran's I log-linear residual test to detect spatial autocorrelation in the residuals.
Eigenvector spatial filtering was introduced by Griffith (2003) for areal data and recently extended to flow data. Applications to mobility flows 10 include United States interstate migration (Chun, 2008; Chun and Griffith, 2011) , and German journey-to-work flows (Griffith, 2009 ). This approach is based on the assumption that spatial autocorrelation in the disturbances arises from missing origin and destination variables, which are spatially autocorrelated (Tiefelsdorf and Griffiths, 2007) , very much like the missing origin and destination multilateral resistance terms. A spatial filter made of synthetic variables that serve as surrogate for spatially autocorrelated missing origin and destination variables can be used to control for spatial autocorrelation 11 . This approach has the advantage that the model can then be estimated as if observations were independent, using conventional regression techniques. This is particularly attractive in our case where the dependent variable represents Poisson distributed counts, because conventional spatial regression models are less developed for these types of data.
Specifically, spatial filtering relies on the spectral decomposition of a transformed W into eigenvalues and eigenvectors, and then uses a subset of eigenvectors as origin and destination explanatory 9 A shortcoming to this approach is that interdependencies are not merely spatial (Behrens et al., 2012; Beenstock and Felsenstein, 2013) 10 Other applications to flow data include trade (Krisztin and Fischer, 2015; Patuelli et al., 2015) , patent citations (Fischer and Griffith, 2008) and research collaborations (Scherngell and Lata, 2013) . 11 In the presence of spatial autocorrelation, the residuals can be divided into a spatial component and the white noise. Spatial filtering enforces independence by isolating the stochastic spatial component from the white noise using a set of proxy variables called a spatial filter. The model can then be estimated using standard regression techniques that assume independence among the observations. variables in the model. Eigenvectors can be interpreted as independent map patterns describing the latent spatial autocorrelation of a variable. The W matrix is transformed as follows
I is the n × n identity matrix, l is an n × 1 vector of ones and l its transpose. The n eigenvector of the above matrix describe the full range of possible and mutually orthogonal uncorrelated map patterns, and their corresponding eigenvalues index the nature and degree of spatial autocorrelation portrayed by each eigenvector. Eigenvectors are extracted in sequence to maximise the Moran Coefficient (MC) while being uncorrelated with the preceding eigenvectors. For parsimony, it is not sensible to include all eigenvectors in the spatial filter, a two-step procedure is used to identify a relevant subset of eigenvectors. First, eigenvectors are selected on the basis of their MC values exceeding some predefined threshold. Here, the common rule ei /e1 ≥ 0.25 is used, where e denotes the associated eigenvalues, to keep eigenvectors associated with strong and positive spatial autocorrelation. This subset is further reduced through a stepwise Poisson selection technique 12 (Tiefelsdorf and Griffiths, 2007) . Filters at origin and destination are obtained using E i = l ⊗ E and E j = E ⊗ l respectively, where E is the n × Q matrix of eigenvectors and the resulting E i and E j are n 2 × Q matrices, Q being the number of selected eigenvectors. The spatial filter includes the subset of Q eigenvectors that are common to all cross-sections. Following Krisztin and Fischer (2015) , adding the spatial filter to equation (7) gives:
Where exp Q q=1 E q Φ q is the spatial filter that accounts for origin and destination spatial autocorrelation. E q denotes the q th eigenvector and Φ q its associated coefficient. Table 8 presents the estimation output for the unfiltered PPML gravity model in columns (1) and (2) and its spatially filtered counterpart in columns (3) and (4). Given that the large majority of moves occur between German cities, table 9 in the annex reports the regression output for a subset of observations excluding German cities, both as origin and destination. Results remain robust as both the significance and the relative ordering of coefficients remain unchanged.
Results
Broadly speaking, all coefficients estimates in table 8 have the expected sign and significance. The adjusted Moran'I is positive and significant at the 1% level in the two periods. In a mobility context, this means that inventors' flows between two cities tend to be positively associated with flows in neighbouring cities, either at origin or destination. This result suggest that spatial autocorrelation in mobility flows should be explicitly controlled for when estimating the gravity model in order to obtain unbiased parameter estimates. The selected eigenvectors effectively fill this purpose, as shown by the adjusted Moran's I, which is divided by about 4.5 when adding the spatial filter. As a result, the spatially filtered model consistently exhibit lower standard errors than its unfiltered counterpart, and the goodness-of-fit measure indicates that this model is the preferred specification. 13 In this study, I do not implement the panel specification. In fact, the main advantage of using the longitudinal structure of the data would be to include origin-destination-pairs fixed effects, to account for time-invariant pairspecific unobserved heterogeneity that is not captured by the covariates. Using random effects would be inappropriate here because we cannot assume that unobserved heterogeneity is related with unobserved effects that are timeinvariant and not specific to origin-destination pairs (Scherngell and Lata, 2013) . A disadvantage of fixed effects is that time-invariant variables cannot be included in the model. However, variables such as geographical distance, cultural and institutional proximity are of special interest for this study. With regards to spatial dependence, fixed effects do not effectively control for spatial autocorrelation and precludes the use of a spatial filter. A time-varying spatial filter would rely on a connectivity matrix specific to each period, and there is no theoretical motivation to do so in this study. Besides, the eigenvector selection procedure in a panel framework is unclear from a mathematical point of view (Patuelli et al., 2011) . Standard errors are robust. The adjusted Moran's I uses n 2 × n 2 spatial weight matrix computed as W 2 = W ⊗ W where W is specified using driving distance-based neighbours with a 150km cut-off distance. After the two-step selection procedure described above, Q = 61 eigenvectors are selected to build the spatial filters at origin and destination. For the goodness-of-fit measure, the model is fitted twice, once with a regular likelihood Poisson model and once with the quasi variant model. The log-likelihood is extracted from the former and the dispersion parameter from the latter.
Gravity variables
In line with the theory behind the gravity equation, the results confirms that size and distance are important determinant of inventors' mobility. Specifically, the coefficient associated with the stock of inventors remain strongly positive and significant over the two periods, with estimated elasticities between 0.5 and 0.6. Coefficients associated with the origin are larger than those linked to the destination, because the former measures the ability of cities to generate flows. Looking at driving distance in particular, the estimated coefficients are negative and significant, which suggest that the pecuniary and non-pecuniary costs associated with moving significantly impede inventors' mobility. The importance of distance is greatly reduced when we introduce other variables that have a spatial dimension. This is because geographical distance serves as a proxy for other, more meaningful forms of distance. This being said, the importance of distance may be overestimated if other meaningful forms of proximity are not controlled for. Breschi and Lenzi (2010) , distance does not affect mobility in a linear fashion, the inclusion of a squared distance variable reveals that the cost of moving is high but strongly decreases as we move further away.
Variables of interest
Turning to the variables of interest, both the labour market and the network variables have the expected sign and remain significant over the two periods. Considering employment opportunities in particular, the two variables introduced jointly in the regression are fairly similar in magnitude, with estimated elasticities around 0.6. Point estimates tend to be lower in the second period for the non-spatial model. This difference may be attributed to the smaller number of moves during this period than during the first one 14 , which cause the mobility variable to be imperfectly observed. Overall, the evidence shows that employment opportunities strongly influence the mobility decisions of inventors. This results are in line with those reported by Miguelez and Moreno (2014) at the level of European regions, and provide additional robustness due to the explicit modelling of spatial autocorrelation, and the analysis at the urban scale.
Looking at the network variables in particular, both direct social ties and the centrality index are strongly positive and significant. This confirms, in a European context, that collaboration networks play an important role in matching workers to positions (Nakajima et al., 2010) , because it reduces information asymmetries and improve matching (Jackson, 2011) . The elasticities associated with direct collaborations are similar to the estimates on labour market variables, which suggests that inventors' mobility is driven by both social ties, and employment opportunities in similar proportions. Comparing the two network variables, direct social ties matter more than the centrality index. This is not surprising given that the former measures direct social connections between inventors, which is more likely to influence the decision to move. Nonetheless, the fact that the two variables remain significant when introduced jointly in the regression suggests that the importance of inventors' networks goes beyond the effect of direct collaborations. The relative position of the city within the network, which represent a less restrictive definition of networks, is also important. Finally, spatial filtering reduces the importance of both network variables, since the social context in which inventors are embedded has a strong spatial dimension.
Control variables
The coefficients associated with the technological proximity index and the same country indicator variable are strongly positive and significant. The latter result is in line with the descriptive analysis, which shows that inventors' mobility in Europe is largely a national phenomenon. One possible explanation is the large amount of intra-firm and circular mobility. However, the limited availability of information about the assignee at origin and destination does not allow a more formal analysis. Nonetheless, this result suggests that the diversity of cultures and the fragmentation of institutional frameworks in the European Union may severely reduce the mobility of inventors.
This may be one reason why skilled mobility in Europe is lower than in the United States. Bear in mind that the indicator variable is arguably a rather simple proxy to capture elements as diverse as culture, institutions or language. Finally, technological proximity is an important determinant of inventors' mobility. As shown in the descriptive analysis, inventors' tend to be specialised in a single technological sector. As such, they may not have many alternative destinations to choose from, in the sense that they can benefit from employment opportunities only in those cities with a similar technological specialisation. Similarly, co-invention networks are primarily developed between inventors belonging to same technological field. To the extent that these networks influence mobility decisions, this should increase again the probability to observe a move between technologically proximate cities.
Conclusion
Highly skilled professionals are regarded as one of the main driver for the economic development of cities through their effect on innovative capabilities. Skilled individuals are mobile in space and tend to cluster within a limited number of urban areas, therefore a crucial question is what factors shape this flows and influence the divergent levels of economic development across urban areas. Building on these considerations, this paper takes advantage of a large-scale dataset to shed light on the patterns and determinants of inventors' mobility across European urban areas. First, a descriptive analysis is carried out to document the dynamics of inventors' mobility and their spatial dimension.
Second, a gravity model is used to analyse how job opportunities and socio-professional networks influence the flows of inventors between urban areas. From a methodological perspective, this paper uses a spatial filtering variant of the Poisson gravity model, which accommodate the nature of the data, while controlling for multilateral resistance and spatial autocorrelation in mobility flows.
These results have implications for the geography of innovation. While both mobility and networks have been shown to influence the diffusion of knowledge, they have often been investigated separately, and it would be interesting to study the interrelation between these two channels, as they appear to be closely related. Another implication concerns the ongoing construction of the European Research Area, which aims to facilitate the diffusion of local and external knowledge, in particular through the mobility of skilled individuals. The results suggest that the diffusion of knowledge may be limited for several reasons. Movers, represent only a fraction of the inventors;
and those who move travel relatively short distances, generally within the same country. This result is magnified by the fact that a large portion of mobility occur within firms, and cannot be associated with a transfer of knowledge. Besides, the fact that mobility occurs primarily between technologically related cities may cause the transferred knowledge to be redundant, and have a limited economic impact. Finally, the results highlight significant heterogeneity across cities, and countries. A more promising finding is that mobility may be encouraged, in particular through the development of research collaborations involving distant research communities.
Further research on other categories of skilled workers would be welcome, as inventors represent only a fraction of the skilled workforce. As noted by Mahroum (2000) , skilled mobility is a diverse phenomenon and what may be true for inventors does not necessarily hold for other categories of skilled workers. However, the study of mobility is often made impossible by the lack of harmonized and reliable data. Finally, the empirical analysis is fairly macroeconomic and do not consider the influence of personal characteristics such as age, gender, tenure or productivity on the mobility patterns of inventors as in Crespi et al. (2007) and Lenzi (2009) . 
